Recent US health care reforms incentivize improved population health outcomes and primary care functions. It remains unclear how much improving primary care physician supply can improve population health, independent of other health care and socioeconomic factors.
P rimary care physicians are typically responsible for the prevention, diagnosis, management, and treatment of a wide array of conditions. When examining area-level differences in the availability of primary care services and average large-area health statistics (at the international and state levels, in particular), higher availability of primary care services within a health system has been correlated with lower all-cause and cause-specific mortality. However, these crosssectional correlations generally did not control extensively for other health care and socioeconomic confounders. [1] [2] [3] [4] [5] [6] Consequently, the association of incremental increases in primary care physician supply with population-wide health outcomes remains heavily debated, [7] [8] [9] [10] and whether to invest in policies that specifically aim to increase primary care physician supply is an important question in health care reform across many highincome countries. In the United States, in the absence of such policies, market forces have reduced primary care supply relative to higher-income specialties. [11] [12] [13] [14] How primary care physician supply has changed at the local level during the past decade in the United States and the strength of the association between changes in primary care physician supply and mortality remain unclear. Addressing these uncertainties is important to understanding whether efforts to expand primary care physician supply have the potential to produce measurable population health improvements. Herein, we sought to test associations between population-level physician supply and population-level mortality indicators across the United States during 2005 to 2015.
Methods

Independent Variable
Primary care physicians were defined as the number of nonfederally employed physicians younger than 75 years who were not hospital residents and whose major professional activity was outpatient care in general practice, family medicine, general internal medicine, or general pediatrics, per 100 000 population in each US county and the District of Columbia (N = 3142 counties). 15 Primary care physician counts were obtained from the American Medical Association Physician Masterfile for 2005, 2010, and 2015, 16 and population counts were obtained from the US Census Bureau. 17 Data were analyzed from March to July 2018. This study was approved by the Stanford University Institutional Review Board, which waived informed consent.
Outcomes
Life-expectancy (the primary outcome) and cause-specific mortality (secondary outcomes) were derived from deidentified death records from the National Center for Health Statistics and population counts from the US Census Bureau, National Center for Health Statistics, and the Human Mortality Database to estimate age-standardized life expectancy at birth and cause-specific mortality in 2005, 2010, and 2014 (updated to 2015 with linear interpolation at the county level). 18 Five major categories of cause of death were considered: cardiovascular disease, cancer, infectious diseases, respiratory tract diseases, and substance use or injury (ie, deaths from alcohol use, drug use, self-harm, and interpersonal violence).
Covariates
We considered covariates that may confound the association between primary care physician supply and mortality at the population level ( Table 1) . These covariates included the number of specialist physicians with principal activity as patient care, per 100 000 population (defined by primary specialty in the American Medical Association Masterfile) 16 ; urban/rural designation 17 ; percentage of people under the federal poverty threshold and median household income in 2015 US dollars 19 ; educational attainment 20 ; population age, sex, and race/ethnicity 21 ; unemployment status 22 ; percentage of individuals without health insurance 23 ; number of hospital beds per 100 000 population 24 ; percentage enrolled in Medicare 25 ; indicators of geographic variation in inflation-adjusted costs of medical care 26 ; age-adjusted percentage of adults who currently smoked tobacco and percentage of adults with current obesity 27 ; number of days with maximum 8-hour average pollution concentration greater than the National Ambient Air Quality Standard 28 ; and median home value in 2015 US dollars. 20 
Statistical Analysis
Overview of Analytic Approach Because primary care physician supply cannot be randomized, we undertook a series of analyses to examine the association between primary care supply and the study outcomes using observational data. Our approach was to use a primary analytic method and then test the robustness of the associations found using complementary methods that make different assumptions or interrogate different aspects of the question. P values were 2-sided, with α set to .05 to determine statistical significance. Analyses were performed in R version 3.4.3 (R Foundation for Statistical Computing), using the statistical code deposited at https://sdr.stanford.edu. Owing to completeness of mortality surveillance at the county level and primary care physician supply being ultimately an area-level concept, our primary analysis was to examine whether changes in primary care and specialist density within a county were associated with changes in ageadjusted life expectancy and cause-specific mortality within that county after controlling for the above characteristics. Because counties might not conform to care-seeking patterns, we repeated these analyses using alternative geographic levelsthe primary care service area (N = 7144) and the hospital referral region (N = 306), which were developed based on geographic patterns of care. We also conducted additional sensitivity analyses as described below to test robustness.
Primary Analysis Mixed-Effects Models
For our area-level analyses, we used a linear mixed model to regress life expectancy against the independent variables within each county, allowing intercepts (baseline outcomes) to vary among counties, time trends to vary across the study period, and slopes for the association between physician density and each outcome to vary among counties. A mixed model empirically estimates the within-vs between-county components of variation in each outcome. Standard errors were computed with an autoregressive correlation structure to account for serial correlation in outcomes across time within counties, with county population weights. We excluded from the analysis the less than 5% of counties with any missing variable. Further details of the mixed-effects models are provided in the eAppendix in the Supplement. To address individuals crossing county boundaries for medical care, we repeated the modeling using geographically weighted regression with the latitude and longitude of county centroid to account for potential regional patterns of utilization and flow across boundaries.
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Instrumental Variable Analysis To address the possibility for unmeasured confounding in our primary analyses, we conducted instrumental variable analyses. An instrumental variable is a factor that influences the outcome (mortality) only through its influence on the predictor variable of interest (primary care physician supply) but is not subject to reverse causality from the outcome or omitted variable bias. For example, the federal Public Service Loan Forgiveness program forgives some loan payments for physicians who enter into public service, commonly nonprofit community clinics; it is considered the major financial policy inducement for selecting primary care. 31 Although the loan forgiveness amount is fixed, the purchasing power of the forgiven amount varies widely by county (eg, influencing the ability to purchase a house). This instrument was found to be strong (first-stage F = 25.6) for predicting primary care density, but not specialist density (F =7 .2). We thus used changes in county purchasing power to predict changes in primary care physician supply (eFigures 5 and 6 in the Supplement) and in turn associate changes in supply with changes in mortality through this instrumental variable. Additional details on the instrumental variable approach are provided in the eAppendix in the Supplement. We performed a robustness check on the instrumental variable analysis using near-far matching, 32 an analytic strategy that can strengthen the power of an instrument by matching counties that are similar in their key characteristics (Table 1 ) but different in their values of the instrumental variable to mimic a matched-pair randomized trial (eAppendix in the Supplement).
Individual-Level Analyses
Individual-level analyses with a second data source were performed to reduce the likelihood of ecological confounding using a national claims database linked to date of death from the Social Security Death Master File 33 (Optum Clinformatics Data Mart, 2003 through 2016; 1 505 554 individuals). We performed a survival analysis by estimating the Kaplan-Meier survival rate of participants, adjusted for censoring, to determine the association between area-level primary care physician supply and individual-level life expectancy. The outcome was restricted mean survival time, which is the area under the survival curve, conditional on exposure to area-level primary care physician density (equations are given in the eAppendix in the Supplement). 34 We adjusted for all area-level covariates in Table 1 as well as for individual-level age and sex. Characteristics of the individual participants in the sample are provided in eTable 1 in the Supplement. A subgroup analysis was also conducted, focusing on individuals who moved between zip codes as a quasi-random exposure to changes in primary care physician density (Supplement). 35 Falsification Testing A falsification test was performed by regressing the independent variables against a dependent outcome variable that would not be expected to have a significant association with primary care physician supply: mortality due to interpersonal violence (eg, murder). 18 This test examined whether unobserved factors, such as the propensity for physicians to move to desirable areas, which may have features correlated with lower mortality rates, would produce false associations between primary care physician density and improved outcomes.
In addition, we calculated the E value, 36 which estimates how strong unmeasured confounders (factors correlated with both primary care physician supply and life expectancy) would need to be to explain away the association between primary care physician density and life expectancy.
Sensitivity Analyses
Our analyses were also repeated after including nurse practitioners and physician assistants with a national provider identifier registration who reported working in primary care per their Medicare registration information. 16, 37 Nurse practitioners and physician assistants are not registered consistently or labeled consistently as primary care over time, and thus they were not included in the prespecified primary model because their inclusion could produce misclassification error and regression to the mean.
Results
Changes in Primary Care Physician and Specialist Density
The total number of primary care physicians increased from 196 014 in 2005 to 204 419 in 2015. However, owing to disproportionate losses of primary care physicians in some counties and population increases in general, mean primary care physician supply decreased from 46.6 per 100 000 population in 2005 (95% CI, 0.0-114.6 per 100 000 population) to 41.4 per 100 000 in 2015 (95% CI, 0.0-108.6 per 100 000 population ( Figure 1 and Table 1 ). Primary care physician supply per 100 000 population had a skewed distribution; 296 counties had no primary care physicians in 2015, whereas 128 counties had more than 100 per 100 000 population. Primary care physician supply declined more in rural than in urban counties on average (-7.0 per 100 000 population vs -2.6 per 100 000 population) but with broad changes in both (eFigure 1 in the Supplement).
Owing to small populations, rural counties can appear to have large variations in primary care physician density; thus, the absolute changes were also analyzed and varied from a loss of 32 to a gain of 37 primary care physicians, with a median loss of 1.0 physician per county. Urban county primary care physician changes ranged from a loss of 179 to a gain of 405 primary care physicians, with a median gain of 1.0 physician per county. Primary care physician supply in either density or absolute terms did not disproportionately decrease by county poverty level or racial/ethnic demographic features (eFigures 1 and 7 in the Supplement). Density decreased by 4.2 physicians per 100 000 population at the primary care service area level (95% CI, -31.1 to 18.8 per 100 000 population), and by 4.4 per 100 000 population at the hospital referral region level (95% CI, -32.1 to 19.8 per 100 000 population). Table 1 ). In absolute terms, counties gained a mean (range) of 3.4 specialists (-359 to 1065 specialists) nationwide, but rural counties had no mean gain (eFigures 2 and 8 in the Supplement). Changes in primary care physician supply minimally correlated with changes in specialist physician supply (Pearson correlation coefficient, 0.14).
Associations Between Primary Care Physician Density and Life Expectancy
In adjusted regressions ( Table 2) , total physician supply, primary care physician supply, and specialist physician supply were associated with improved life expectancy. 38 In fully adjusted models that accounted for both primary care and specialist physician supply, an increase of 10 primary care physicians per 100 000 population was associated with a 51.5-day increase in life expectancy (95% CI, 29.5-73.5 days; 0.2% increase) ( Table 2) , and a similar increase of 10 specialist physicians per 100 000 population was associated with a 19.2-day increase in life expectancy (95% CI, 7.0-31.3 days).
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To contextualize these results, the association of primary care physician density and life expectancy (+33.1 days of life expectancy for a 2-SD increase in physician density) was approximately one-fifth the magnitude of the association between poverty and life expectancy (148.8 days for a 2-SD increase), and approximately two-thirds the magnitude of the association between tobacco and life expectancy (52.3 days for a 2-SD increase; eTable 2, Table 2 ).
Analyses at alternative geographic levels revealed similar associations between primary care physician supply and life expectancy ( Figure 2 ; increase of 51.5 days life expectancy per 10 additional physicians at the county level, an increase of 117.3 at the PCSA level, and an increase of 157.5 at the HRR level). The geographically weighted regression results also were consistent (Table 2; Figure 2 ).
Association Between Primary Care Physician Density and Cause-Specific Mortality
An increase of 10 primary care physicians per 100 000 population was associated with a reduction in cardiovascular mortality by 30. 
Instrumental Variable Analyses
An increase of 10 primary care physicians per 100 000 population was associated with an 88.9-day (95% CI, 15.6-162.2 days) increase in life expectancy in the instrumental variable analysis (Figure 2) . The instrumental variable analysis also detected associations between primary care physician supply and lower cardiovascular, cancer, and respiratory mortality (eFigure 3 in the Supplement). Results were similar in the near-far matching analysis (eFigure 4 in the Supplement).
Individual-Level Analysis
In the individual-level analysis, survival time increased by 114.2 days (95% CI, 94.7-133.8 days) per decade of exposure to 10 more primary care physicians per 100 000 population 
Falsification Testing
Increased primary care physician supply was not significantly associated with deaths from interpersonal violence. An increase of 10 primary care physicians per 100 000 population was associated with -0.5 death per million from violence (95% CI, -1.4 to 0.5 deaths per million). The E value for the association between primary care physician supply and life expectancy was 131.2 days. This means that unmeasured confounders correlated with both primary care physician density and life expectancy would have to have strong associations with life expectancy (a 131.2-day increase in life expectancy is almost as great in magnitude as the association between poverty and life expectancy, Table 2 ) to explain away the observed association between primary care physician supply and life expectancy. 38 
Sensitivity Analyses
When including primary care nurse practitioners and physician assistants in the analysis, an increase in primary care clinician supply (physician, nurse practitioner, or physician assistant) by 10 per 100 000 population showed consistent results Abbreviation: NA, not applicable.
a All means and SDs calculated after log transformation. Total physician coefficient corresponds to the change from mean minus 1 SD (61.0 physicians) to mean plus 1 SD (68.5 physicians); primary care, to the change from mean minus 1 SD (27.3 physicians) to mean plus 1 SD (33.7 physicians); specialty, to the change from mean minus 1 SD (21.3 physicians) to mean plus 1 SD (32.0 physicians); population in poverty, to the change from mean minus 1 SD (13.4% poverty) to mean plus 1 SD (16.4% poverty); population with less than high school education, to change from mean minus 1 SD (13.1% less than high school) to mean plus 1 SD (16.3% less than high school); population female, to change from mean minus 1 SD (48.9% female) to mean plus 1 SD (51.0% female); population black, to change from mean minus 1 SD (1.4% black) to mean plus 1 SD (7.9% black); population Hispanic, to change from mean minus 1 SD (2.8% Hispanic) to mean plus 1 SD (7.8% Hispanic); unemployment rate to change from mean minus 1 SD (4.7% unemployed) to mean plus 1 SD (7.8% unemployed); hospital beds, to change from mean minus 1 SD (32.6 hospital beds) to mean plus 1 SD (61.2 hospital beds); Medicare enrollment, to change from mean minus 1 SD (17.2% enrolled) to mean plus 1 SD (19.9% enrolled); per capita medical cost variation, to change from mean minus 1 SD ($9268.5) to mean plus 1 SD ($9270.9); adult tobacco smoking, to change from mean minus 1 SD (18.0% smoking) to mean plus 1 SD (20.6% smoking); adult obesity, to change from mean minus 1 SD (28.5% obesity) to mean plus 1 SD (30.9% obesity); high pollution days, to change from mean minus 1 SD (0% of days) to mean plus 1 SD (5.4% of days); and median home value, from change from mean minus 1 SD ($126 825.2) to mean plus 1 SD ($126 828.5).
b Continuous variables were log transformed and centered and scaled by 2 SDs, which allows coefficients for continuous covariates to reflect the change in the outcome variable given a change in the independent variable from its mean minus 1 SD to its mean plus 1 SD on the logged scale, correcting for right skew and enabling fair comparison of magnitudes among regression coefficients. 
Discussion
Although the total number of primary care physicians has increased in the United States, owing to disproportionate rural losses and general population size increases, the distribution of US primary care physicians per 100 000 population has changed, leading to a net loss in mean primary care physician supply at the county level. Greater primary care physician supply was associated with lower population mortality, suggesting that observed decreases in primary care physician supply may have important consequences for population health. These findings were consistent across several analytic specifications that varied the unit of analysis, level of analyses, and statistical assumptions underpinning the analysis. The results of this study reinforce findings from earlier cross-sectional studies evaluating data from the 1990s, which suggested associations at the health care system and state levels between primary care physician density, overall life expectancy, cardiovascular disease deaths, and cancer deaths. 1, 3, 8, 10, 39, 40 However, similar to another study, 41 our results are driven by changes in density over time within counties, which reduces confounding by features of areas that might have affected earlier research. Our study included a larger number of control variables than previous analyses, including specialist physician supply and numerous health care, socioeconomic, environmental, and demographic features omitted from earlier studies. The largest decreases in cause-specific mortality associated with increased primary care physician density were for cardiovascular disease, cancer, and respiratory tract disease, conditions with strong evidence of amenability to primary care management or with delayed mortality conditional on early screening through primary care. Many believe that a well-functioning health care system requires a solid foundation of primary care. However, persistent payment disparities between primary care and procedural specialties continue to erode the US primary care physician workforce. 45 47 Whether these initiatives will encourage more graduating medical students to enter primary care remains to be seen. Other forms of investment, such as the National Health Services Corps, the Teaching Health Centers program, and Title VII programs, also offer the opportunity to increase the density of primary care physicians, especially in underserved areas.
Limitations
Our study has important limitations. First, our main analysis was appropriately ecological, because we sought to identify relationships between population-level physician supply and population-level variations in mortality. However, to avoid the ecological fallacy, conclusions should not be drawn about individual-level effects of population-level associations. To help mitigate this limitation, we conducted individual-level analyses using private insurance data. Although not nationally representative, the individuals in the insurance data were from all 50 states, Washington, DC, and Puerto Rico, covering 61% of US zip codes. Second, there remains the possibility for unobserved confounding, because we cannot randomize people to areas with varied primary care physician supply. We sought to address this with instrumental variable analyses, but the instrumental variable analysis has its own assumptions. Finally, our analysis focused on primary care physician supply relative to population size because this is a key focus of current policies.
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Conclusions
Across a number of analytic approaches, greater primary care physician supply was associated with improved mortality outcomes. The decrease in primary care physician supply across US counties from 2005 to 2015 may have important population health implications. Future investigations should acquire data on the quality and comprehensiveness of primary care, types of primary care physician training and service delivery offerings, and effective access rather than just supply. In addition, future analyses should explore the dynamics of teamwork across primary care physicians and specialists in both traditional and alternative payment models to address how team-based approaches may affect mortality and other outcomes. Role of the Funder/Sponsor: The funders had no role in the design and conduct of the study; collection, management, analysis, and interpretation of the data; preparation, review, or approval of the manuscript; and decision to submit the manuscript for publication.
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The content is solely the responsibility of the authors and does not necessarily represent the official views of the National Institutes of Health or of Stanford University. 
Supplementary Online Content
Mixed effects model specification
We estimated linear mixed effects models, fitting a model with both fixedand random-effects terms from which the profiled deviance (negative twice the profiled log-likelihood) was evaluated using constrained optimization to provide the parameter estimates. 1 The main mixed effects model was written to enable correlated random intercepts and slopes with respect to primary care physician supply grouped by area (county, in the main specification), and random intercept with fixed mean with respect to time, enabling among-area variations in associations between primary care physician supply and the outcome variable in each regression. Note that we do not assume independence of intercepts and slopes, to preserve invariance to additive shifts in the continuous predictor. The standard form of a linear mixed effects model is:
in which y is the n-by-1 outcome vector, n is the number of observations (one for each area at each time period), X is an n-by-p fixed-effects design matrix, p is the number of covariates with fixed effects terms (all covariates in main text Table 1, including primary care supply), is a p-by-1 fixed-effects vector, Z is an n-by-q random-effects design matrix, q is the number of covariates with random effects terms (two terms in our model: primary care physician supply and time), b is a q-by-1 random-effects vector, and is the independent n-by-1 observation error vector. The random-effects vector b and the error vector are defined with normal (Gaussian) prior distributions: ).
As some counties changed boundaries over the study period, Health
Resource and Service Administration guidelines were used to identify carry-overs from one designated county to newly-defined counties over the study period. 2 In specifications with different area grouping variables (primary care service areas, hospital referral regions), where there are R grouping variables and ( , ) indicates the level of the grouping variable r, the model is:
is a q(r)-by-1 random-effects vector where is a p-by-1 fixed-effects vector, for the r-th grouping variable and level ( , ) and is a 1-by-1 error term for observation i.
Continuous variables were log-transformed, centered and scaled by two standard deviations, which allows coefficients for continuous covariates to reflect the change in the outcome variable given a change in the independent variable from its mean minus one standard deviation to its mean plus one standard deviation on the logged scale (provided in main text Table 2 ), correcting for right skew and enabling fair comparison of magnitudes among regression coefficients. 3 Because it is known that the null distributions of parameter estimates from mixed models are not t distributed for finite sample sizes, nor are the null distributions of differences in scaled deviances F distributed, degrees of freedom and associated P values are poorly approximated. 4 Hence, following criticism of excess focus on P values in the medical literature, 5 we reported 95% confidence intervals rather than P values.
We also used variance inflation factors (VIFs) and the Farrar-Glauber test to identify the potential for the precision of estimates to be decreased by multicollinearity; 6 the tests indicated that the factors with problematic levels of collinearity (having VIFs>4) were: elderly and Medicare population, uninsured <65 years old and unemployed, and income and poverty. Hence, the covariates with the highest VIFs (elderly, uninsured, and income) were removed to leave their collinear variables with lower VIFs (Medicare, unemployed, and poverty), which enabled the model to have all covariates with VIF<3 in the final specification.
We additionally ran a version of our main model specification while omitting pediatricians from the definition of the primary care measure, as our outcome measures were primarily driven by mortality among adults. We found the association between primary care physician density and life-expectancy remained robust to the omission of pediatricians, with an increase of 10 primary care physicians per 100,000 people associated with a 50.9-day (95% CI: 29.4, 72.3) increase in life expectancy, net of controls (versus 51.5 days in the main specification, main text Table 2 ).
Instrumental variable model specification
An instrumental variable analysis produces an estimate of the "local average treatment effect", which is typically larger than the overall "average treatment effect" given by ordinary least-squares regression. The local average treatment effect reflects the association between PCP supply and each outcome among counties where physician supply was influenced by the instrumental variable, analogous to a per-protocol analysis of adherent participants in a trial (i.e., adhering to the instrument's influence); the primary mixed model analysis is, by contrast, analogous to a more generalizable intent-to-treat analysis.
We estimated two-stage least squares regression models, 7 fitting a model using the instrument of real net present value of the Public Service Loan Forgiveness (PSLF) program for a median indebted U.S. medical school graduate over the study period, 8 defined as a proportion of annual county price parity. 9 The real net present value of federal subsidies is often used as an instrument in economic assessments. 10, 11 We calculated the real net present value of PSLF for each county and year, using the inflation-adjusted PSLF value for the median indebted medical school graduate who has $192,000 in qualified loans, entering a job with a $140,000 starting salary, as a proportion of the county's price parity, which reflects the purchasing ability of a dollar in the county relative to the national median. 8, 9 At a conceptual level, the instrumental variable regressions were conducted under several assumptions inherent to instrumental variables analysis:
(i) that the instrument in the regressions was treated as uncorrelated with unmeasured characteristics of areas that were not already captured in the instrument definition or in the other covariates included in the regressions, including future mortality (exogeneity); (ii) that the instrument was treated a reliable predictor of primary care density (had a meaningful effect, tested in the first-stage regression defined below); (iii) that the relationship between density and mortality in one area was being studied without interference from the relationship in other areas, except for explicit nested relationship structures (stable unit treatment value); (iv) that the effect of the instrument on primary care density was assumed to be equal to or greater than the effect on supply that would otherwise occur if the instrument's value were zero (monotonicity); and (v) any effect of the instrument on the outcome was treated as mediated by primary care density, conditional on the other observed covariates included in the regressions (exclusion restriction).
Net present value was adjusted for inflation for each study year using the Real net present value was computed by dividing the net present value of the PSLF by estimated area price parity, which reflects the average costs of goods and services in an area divided by the national average across all such areas. 13, 14 The national average is set to a value of 100 so that an area's price parity be interpreted as a percentage of the national average (e.g., an area with 14.1% higher costs than the national average has a price parity of 114.1). To derive the price parity, we used Bureau of Economic Analysis (BEA) estimates of price and expenditure levels of individual goods and services in 16 expenditure classes (apparel, rents, and a goods class and a services class in each of the categories of: education, food, housing excluding rents, medical, recreation, transportation, and other), which are further subdivided into strata (e.g., "major appliances", under "goods") and elementary level items (e.g., "refrigerators and freezers", under "major appliances"), and clusters (e.g., "refrigerators", under specific to outlet type and unique product, is then taken and linked to expenditure weights designed to reflect the distribution of personal consumption expenditures in a geographic area. 15 The data are then allocated to counties, such that the price parity methodology implicitly ignores within-county variations.
Finally, the data are subjected to hedonic regressions, which attempt to account for variations in characteristics of goods and services provided, including differences in packaging, unit size, and type of outlet from which they are sold, to assemble an aggregate index of cost in each item stratum. Hedonic regressions account for consumer preference variations by area (e.g., apples may be a preferred fruit in one county, and oranges in another, so food area price parities will account for variations in fruit preferences by location, rather than only comparing apple prices across all areas). An outlier analysis was performed to exclude extreme values, and missing data were imputed via chained equations (<5% of counties with missing input data). We published these estimation details and results previously. 16 Estimates are mapped in SI Figure 5 .
In the instrumental variables regressions, the first stage model was estimated as: To assess the robustness of the instrumental variable analysis described in the previous section, we conducted near-far matching, a newer form of instrumental variable analysis that can improve the strength of an instrument and further reduce bias. [21] [22] [23] Near-far matching mimics a matched-pair randomized trial, generating weights to match counties to be as similar as possible ("near") in their observed characteristics, but as different as possible ("far") in their value of the instrumental variable. The intuition is that near-far matching helps augment the influence of an instrument; the instrument will help make one county more attractive to a primary care physician than its partner county that is otherwise similar.
We performed near-far instrumental variable analysis by 1:1 matching pairs of counties that are as similar as possible among all covariates except primary care physician supply listed in Table 1 27 By selecting a matched sample and applying an instrumental variable analysis, however, the near-far approach privileges strengthening inference in terms of reducing bias and mean squared error, while reducing generalizability in the assessment by removing unmatched counties from the national sample.
As we have detailed previously, 24 near-far matches are controlled by two key parameters: the percent sinks (the percentage of sample to be lost as unsuitable matches due to inadequate common support for inference), and the cut-point of differentiation for the instrumental variable that specifies the difference in instrument values in the pair match below which strong penalties are enforced. We empirically searched for the percent sinks and cut-point that maximized the F statistic measuring association between the instrumental variable and primary care physician density, i.e., the percent sinks and cut-point that maximally strengthened the instrument.
Specifically, a distance matrix was constructed between every pair of counties, yielding a 2N-by-2N distance matrix that reflected both the similarity of counties on the measured covariates and differences in the instrumental variable, using rank-based Mahalanobis distance to limit the impact of any extreme distributions. 28, 29 To get the closest covariate balance between the two groups, and at the same time achieve maximal separation in the values of the instrumental variable, some counties were not matched to other counties but to e sinks, where each sink is at zero discrepancy to each county and at infinite discrepancy to all other sinks, yielding a (2N + e)-by-(2N + e) discrepancy matrix. As detailed previously by Baiocchi et al., 21 an optimal match will pair e counties to the e sinks to minimize the total of the remaining discrepancies within N -e/2 pairs of 2N -e counties (analogous to choosing inclusion/exclusion criteria in a randomized trial).
We used simulated annealing 30 to find the percent sinks and cut-point maximizing the partial F statistic from the first stage regression of primary care physician density on the instrumental variable and the above-specified measured confounders, applying a nonbipartite matching algorithm to divide the 2N individuals into nonoverlapping pairs of counties to minimize the sum of the discrepancies within the N pairs. Individual-level analysis specification
We estimated the change in restricted mean survival time (RMST) conditional on changes in area-level physician density. 32 The RMST was estimated using the approach previously derived by Tian et al, 33 in which the RMST is defined as the area under the curve of the survival function up to a time (10 years in our analysis):
where is interpreted as the mean survival time for individuals followed for up to time (subject to censoring, as detailed below), and ( ) is the time-to-death survival function. We estimate ( ) using the Kaplan-Meier estimator. We preferred the RMST to the median survival time as an outcome metric, as the latter becomes degenerate if there is substantial censoring or if the mortality rate is low, such that the Kaplan-Meier curve does not reach 0.5. The RMST calculation also avoids the proportional hazards assumption upon which Cox models depend. 34 Tian et al. 33 consider the regression model: is the Kaplan Meier estimator of the censoring time. We estimated the RMST conditional on primary care density using the identity link and conditioning on all Table 1 covariates, fixed effects for county and year, and the individual-level covariates of year of birth and sex (see SI Table 1 for participant characteristics).
All covariates were log-transformed, centered and scaled by two standard deviations.
In a subgroup analysis, we additionally analyzed individuals who moved between areas (n = 664,443). 35 We isolated the analysis to those with two zip codes during their period of enrollment, and calculated the exposure Z and all covariates X as their changes in values weighted by the duration of exposure in each area ( 2 for the second locale and 1 for the first). Hence, the regression model became: [13] { ( | ′, ′)} = + ( 2 2 − 1 1 ) + ′ ( 2 2 − 1 1 ).
Among those who moved from one zip code to another, survival time increased by 61.7 days (95% CI: 61.1, 62.5) per decade of exposure to 10 more primary care physicians per 100,000.
Regression tree analyses
As a supplementary analysis, we investigated predictors of gain or loss in primary care and specialist physician supply among counties using recursive partitioning (regression tree models). 36 Recursive partitioning is an approach to explaining variance in an outcome, in this case defined as the change in density of physicians per 100,000 persons within a county between 2005 and 2015. The partitioning algorithm seeks the covariate that can divide the total sample of counties into two subgroups with high between-group variance and low withingroup variance in the outcome. The algorithm then finds a second covariate to divide each of those two subgroups (independently), and so on. We implemented the recursive partitioning approach on the outcome against the change in each covariate in Table 1 of the main text between 2005 and 2015, and "pruned" the resulting tree to reduce the risk of overfitting the data by selecting a complexity parameter associated with the lowest cross-validated error. 36 Regression tree analyses revealed analogous combinations of county-level factors predictive of gains or losses in primary care versus specialty physician supply, with decreases in specialist density and hospital beds being predictive of losses in primary care physicians, and decreases in primary care physician density and hospital beds being predictive of losses in specialty physicians (SI Figures 7 and 8).
Interaction analyses
As an additional supplementary analysis, interaction terms to identify heterogeneous associations were added to the main mixed effects model specifications to identify whether the association between primary care density and outcomes systematically differed by urban versus rural counties, or by the county's level of poverty, Black population fraction, or Hispanic population fraction. The interaction analyses suggested stronger associations between primary care physician supply and improved life expectancy in urban counties with larger minority populations; cancer and respiratory mortality also disproportionately improved with primary care supply in higher-poverty areas (SI Table 2 ). Table 1 .
